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Abstract
Background: Active travel (walking or cycling for transport) is associated with favourable health outcomes in
adults. However, little is known about the concurrent patterns of health behaviour associated with active travel. We
used compositional data analysis to explore differences in how people doing some active travel used their time
compared to those doing no active travel, incorporating physical activity, sedentary behaviour and sleep.
Methods: We analysed cross-sectional data from the 2014/15 United Kingdom Harmonised European Time Use
Survey. Participants recorded two diary days of activity, and we randomly selected one day from participants aged
16 years or over. Activities were categorised into six mutually exclusive sets, accounting for the entire 24 h: (1)
sleep; (2) leisure moderate to vigorous physical activity (MVPA); (3) leisure sedentary screen time; (4) non-
discretionary time (work, study, chores and caring duties); (5) travel and (6) other. This mixture of activities was
defined as a time-use composition. A binary variable was created indicating whether participants reported any
active travel on their selected diary day. We used compositional multivariate analysis of variance (MANOVA) to test
whether mean time-use composition differed between individuals reporting some active travel and those reporting
no active travel, adjusted for covariates. We then used adjusted linear regression models and bootstrap confidence
intervals to identify which of the six activity sets differed between groups.
Results: 6143 participants (mean age 48 years; 53% female) provided a valid diary day. There was a statistically
significant difference in time-use composition between those reporting some active travel and those reporting no
active travel. Those undertaking active travel reported a relatively greater amount of time in leisure MVPA and
travel, and a relatively lower amount of time in leisure sedentary screen time and sleep.
Conclusions: Compared to those not undertaking active travel, those who did active travel reported 11 min more
in leisure MVPA and 18 min less in screen time per day, and reported lower sleep. From a health perspective,
higher MVPA and lower screen time is favourable, but the pattern of sleep is more complex. Overall, active travel
was associated with a broadly health-promoting composition of time across multiple behavioural domains, which
supports the public health case for active travel.
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Background
Promoting active travel (walking or cycling for transport)
has recently gained attention as a public health strategy
to enable people and populations to accumulate more
daily physical activity [1]. Active travel is cheap or free,
accessible to most, and a pragmatic way to embed activ-
ity into daily life. Active travel, or its constituent active
commuting (walking or cycling to work) have been asso-
ciated with reduced risk of all-cause mortality [2, 3] and
adverse cardiovascular outcomes, [3, 4] a more
favourable body composition [5] and greater wellbeing
[6] in adults. Conversely, car use has been associated
with a less favourable body composition and cardiometa-
bolic profile [7, 8].
Active travel is just one amongst hundreds of activities
people undertake across the day. A day may be concep-
tualised as a ‘time budget’ consisting of 24 h. From this
budget, time is allocated to different activities and can
be partitioned into different behavioural sets or compo-
nents, for example, into the proportion of time spent in
sleep, sedentary behaviour, light physical activity and
moderate to vigorous physical activity (MVPA: which in-
cludes active travel [9, 10]). These four activity sets, clas-
sified principally on the basis of energy expenditure,
together account for all daily time. Low MVPA, [11]
high sedentary behaviour, [12, 13] and both short and
long sleep durations are associated with unfavourable
health outcomes in adults [14, 15].
However they are defined, components of the daily
time budget are not independent because increasing
time spent in one component necessarily involves redu-
cing time spent in another. Time may be drawn and re-
placed from different components in myriad different
ways, each of which has implications for health [16]. For
an example of potential time displacement related to ac-
tive travel, see Additional file 1. It is clear that, to gain a
fuller idea of the likely health outcomes of behaviour
change, we need to investigate how individuals restruc-
ture their overall time budget to accommodate new be-
haviours. This necessitates examining the inter-
relationship between multiple behaviours, rather than
single behaviours in isolation.
Previous research suggests that adding new behaviours
is associated with restructuring of time budgets in ways
that have both favourable and unfavourable implications
for health. A recent randomised controlled trial [17] of a
physical activity intervention found that intervention
participants significantly increased MVPA, mainly via in-
creased participation in structured exercise and active
travel. This time was largely drawn from television
watching (sedentary behaviour), but physical activity also
displaced sleep. For active travel specifically, preliminary
research indicates that increases in active travel are asso-
ciated with increases in overall MVPA and are not
compensated for by reductions in other types of MVPA
such as sports [18–20]. However, this finding might not
be uniform across all population groups [19], and little is
known about the relationship between active travel and
other health behaviours such as sleep and sedentary be-
haviour. A recent systematic review of children’s active
travel found sparse and inconsistent evidence of a rela-
tionship between active travel and total or screen-based
sedentary time [21].
Compositional data analysis is an analytical paradigm
that has recently been applied to this field. According to
this paradigm, daily time is conceptualised as a mixture
of activities or components known as a time-use com-
position. One recent cross-sectional study indicated rela-
tionships between the overall time-use composition and
health outcomes in adults [22]. The relative distribution
of daily time between sleep, sedentary behaviour, light
physical activity and MVPA was significantly associated
with body composition, metabolic markers and blood
pressure [22]. Of these, MVPA was the most potent
health-promoting behaviour, but – critically – this
depended on the composition of the rest of the day [22].
Studies in children indicate associations between time-
use composition and many outcomes including body
composition, [23–25] cardiorespiratory fitness [23, 25],
cardiometabolic profile, [25] quality of life [26] and aca-
demic performance [27].
The application of a compositional data analysis ap-
proach to understanding the patterns of health behaviour
associated with specific activities (such as active travel)
can inform policy or interventions concerning that activity
and a range of others. While compositional data analysis
has a long history of application across diverse scientific
fields [28], it has been little used in health research. There-
fore, the overall objective of the current study was to ex-
plore the application of this technique to examine the
relative distribution of health behaviour associated with
active travel in adults. Here and throughout, we use the
term ‘health behaviour’ to refer specifically to physical ac-
tivity, sedentary behaviour and sleep, acknowledging that
this term may incorporate other health behaviours (such
as smoking or diet) that were not included in the current
study. Specifically, the aims of the current study were to:
(a) explore the cross-sectional relationship between active
travel and the structure of a 24-h time budget; and (b)
identify any differences in this relationship between popu-
lation sub-groups.
Methods
The compositional data analysis paradigm in health
research
Properties of compositional data
Compositional data are comprised of components which
sum to a whole, such as 100%, 1, or in this case 24 h
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(1440 min). [28] Health researchers may view time use
as a composition comprised of sleep and waking behav-
iours of different metabolic intensities (i.e. sedentary be-
haviour, light physical activity and MVPA), or as
combinations of various mutually exclusive activity do-
mains, such as chores and screen time. Compositions
are by nature multivariate, as a composition must com-
prise at least two components. Compositional informa-
tion is relative rather than absolute; that is, the
information on any individual component is meaningful
only by reference to other components. This means that
the ratios between components are of primary interest,
rather than the absolute values of each component, [29]
and the value of the total sum (24 h, one week, one
month) is not relevant. For example, in an individual
performing one hour of MVPA and 10 h of sedentary
behaviour across a 24 h day, the ratio of MVPA to sed-
entary behaviour is 1:10 or 0.1.
Compositional data exhibit three important properties.
Firstly, they are scale invariant, which means that the rela-
tive differences between components are maintained re-
gardless of the scale in which they are expressed, such as
hours per day [1 h:10 h = 0.1] or percentage of daily time
[4.2%:42% = 0.1]) [29]. Secondly, compositional data ex-
hibit sub-compositional coherence, in that the relationship
between components is maintained regardless of the pres-
ence or absence of other components [29]. In the above
example, the ratio of MVPA to sedentary behaviour is still
0.1 regardless of whether sleep (another component of the
24 h time budget) is also reported. Finally, compositions
are permutation invariant, as the relative differences be-
tween components are the same regardless of the se-
quence in which components are reported [29].
The simplex – A sample space for compositional data
The sample space is defined as the set of all possible
values that variables can take. In the example of a coin
toss, the sample space consists of heads or tails. Most
traditional statistical methods employed in the field of
health research (notably regression) assume that data are
unconstrained, and therefore operate in real (or Euclid-
ean) space. However, in the case of compositional data,
data are constrained to a total sum. Thus, compositional
data are represented in a subset of real space known as
the simplex, and have a natural geometry, known as
Aitchison geometry [30].
The manipulation of variables requires the use of
methods congruent to the sample space. For example, the
calculation of the arithmetic mean of an unconstrained
variable involves adding all observations together and div-
iding by the number of observations. The arithmetic mean
of the numbers 2 and 8 is (2 + 8)/2 = 5. For the same cal-
culation in the simplex, where we are dealing with ratios,
perturbation (essentially multiplication) is used in place of
addition, and powering (to the power of a negative num-
ber) in place of division. As a result, the geometric mean
is the most appropriate indicator of central tendency for
compositional data, which involves multiplying all obser-
vations together and taking the nth root. For example, the
geometric mean of the numbers 2 and 8 is found by taking
the square root of (2 × 8 = 16) = 4. Calculation of the com-
positional mean involves calculating the geometric mean
of each component and adjusting (or ‘closing’) these to
the total sum, in this case 24 h [22].
Principles of compositional data analysis
The application of traditional statistical methods to com-
positional data, such as linear regression, can be problem-
atic as these methods are not coherent with the simplex.
Even though some pairs of components might appear to
be uncorrelated using traditional methods, components
are never independent of one another; rather, they are co-
dependent to a greater or lesser degree. Thus the inclusion
of all components in a model would result in perfect
multi-collinearity, negatively biasing the covariance struc-
ture of the data [28]. Even the inclusion of more than one
component can lead to spurious results.
Compositional data can and should be analysed using
methods that account for their properties. A ‘staying in the
simplex’ approach can be used, where operations based on
Aitchison geometry (e.g. perturbation and powering) are
employed. However, the more popular approach is to map
compositional data from the simplex into unconstrained
real space, where traditional multivariate statistics coher-
ent with real space may be applied. In practice, this is
achieved by expressing compositions as log-ratio coordi-
nates. [29] Discussion of the merits of different types of
log-ratio coordinate systems may be found elsewhere, [30,
31] but isometric log-ratio (ilr) transformations are most
often used. An ilr transformation will produce a set of co-
ordinates numbering one less than the number of compo-
nents. For example, the four-component composition
sleep, sedentary behaviour, light physical activity and
MVPA may be expressed as the following set of three nor-
malised log contrasts: (a) sedentary behaviour: sleep; (b)
light physical activity: the geometric mean of sleep and
sedentary behaviour; and (c) MVPA: the geometric mean
of sleep, sedentary behaviour and light physical activity. A
positive ilr indicates that the numerator is greater than the
denominator for that coordinate, and conversely a nega-
tive ilr indicates that the denominator is greater than the
numerator. If the ilr is zero, the numerator and the de-
nominator are equal.
Once expressed as ilr coordinates in real space, com-
positions can be used in statistical models as exposures
or outcomes, or both. In the example given above, (c)
represents the ratio of MVPA relative to the geometric
mean of the remaining components. When used as an
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exposure, model coefficients for this coordinate corres-
pond to the change in outcome associated with an in-
crease in MVPA relative to compensatory decreases in
the remaining components. Alternatively, when used as
an outcome, models may be used to predict coordinates
based on exposures of interest. In both cases, the ilr co-
ordinates can be back-transformed into proportions, and
then into original units (minutes or hours) for interpret-
ation. To date, the small body of literature applying
compositional data analysis to health research has used
compositions as exposures to explore the aetiology of
health or ill health.
Zero values in compositional data analysis
Log-ratio coordinates cannot be applied to zero values,
meaning that presence of zeros in one or more compo-
nents prohibits the use of compositional data analysis
techniques. In compositional data, zeros can be
theorised as ‘rounded’ or ‘essential’. A rounded zero is a
small non-zero value that falls below some detection
limit, and is thus recorded as zero. For example, the
measurement of chemical compositions relies on the
sensitivity of the measurement instrument, which may
not be able to detect chemicals occurring in very small
concentrations. An essential zero is a true zero, indicat-
ing the complete absence of that component in the com-
position. To date, approaches of varying levels of
sophistication have been used to impute values in the
place of rounded zeros, [32] but the problem of essential
zeros remains a core challenge of compositional data
analysis. [33] Components containing a large number of
zeros or small values are commonly amalgamated with
other components. However, this strategy may not be
desirable in health research as MVPA typically accounts
for a very small proportion of daily time yet is strongly
associated with health outcomes.
We now move to describing the current compositional
data analysis.
Study population and design
This study is a secondary analysis of the 2014/15 United
Kingdom (UK) Harmonised European Time Use Survey
(UKHETUS) [34]. The UKHETUS is a cross-sectional na-
tional survey of approximately 7600 UK residents aged
eight years or older, conducted between April 2014 and
December 2015 [35]. The survey used a multi-stage strati-
fied probability sampling design, generating a random
sample of residential addresses using the Postcode Ad-
dress File and the Land Property Services Agency. The
target achieved sample was 5500 households. From a total
sample of 11,860 addresses, of which 10,479 were eligible,
the response rate was 40.4% or 4238 households [35]. A
nominated individual within the household completed a
household demographic questionnaire. Following this, all
individuals in the household completed an individual
demographic questionnaire and two time-use diaries (one
on a weekday, one on a weekend day). The study was ap-
proved by the Research Ethics Committee of the Depart-
ment of Sociology (DREC) at the University of Oxford
(2014_01_02_R1). For the current analysis we randomly
selected one time-use diary from individuals aged 16 years
and over.
Data availability
UKHETUS data are available at https://doi.org/10.5255/
UKDA-SN-8128-1.
Assessment of time-use composition
Time-use diaries were filled out on the day of interest
(Fig. 1). Each diary started at 4 am and covered a full
24 h, in 10-min timeslots. For each timeslot, the partici-
pant recorded the primary activity they were undertak-
ing (‘what’ variable) and up to three co-occurring
secondary activities. The participant also recorded their
location (‘where’ variable) for each timeslot, for example
home or work. If they were travelling, the mode of travel
was reported under the ‘where’ variable. All responses
were given in free text. After the diaries were returned,
all free text was coded by an independent rater. For each
timeslot, ‘what’ variables were coded into one of 281 a
priori individual codes, and ‘where’ variables into one of
38 a priori individual codes [35].
Quality control
Initial data cleaning was performed in the released data-
set, involving the imputation of some missing time ac-
cording to a set of standard rules [36]. We then applied
a series of quality control checks to time-use diaries.
Firstly, we conducted a general quality control based on
standard procedures used across multiple time-use data-
sets [37]. We identified diaries with more than 90 min of
missing time, which reported less than seven episodes of
activity, and were missing two or more of four basic ac-
tivities (sleeping/resting, eating/drinking, personal care
and exercise/travel). We then applied quality control
checks specific to our analysis. We identified diaries that
did not report a full 24 h of eligible activity codes, where
time was coded to one of the following activity codes:
9960 No main activity no idea what it might be.
9970 No main activity some idea what it might be.
9980 Illegible activity.
9990 Unspecified time use.
9991 Not applicable.
9999 Queryable.
We also identified diaries in which no sleep was re-
ported. We removed all diaries failing these quality
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control checks, on the basis that they were likely incom-
plete or (in the case of diaries reporting no sleep) atyp-
ical representations of the 24 h time budget.
Definition of exposure (active travel)
We defined active travel as a binary yes/no variable. The
participant was categorised as having undertaken some
active travel if one of the following codes were reported
in the ‘where’ variable in their time-use diary: “travelling
on foot” or “travelling by bicycle”. Walking or cycling for
recreation was not included in this variable.
Definition of outcome (time-use composition)
For each participant, we partitioned their time-use diary
into six mutually exclusive activity sets (components)
according to the primary activity reported in the ‘what’
variable (Additional file 2):
1. Sleep (minutes/day)
2. Leisure MVPA including walking or cycling for
recreation (minutes/day)
3. Leisure sedentary screen time (minutes/day)
4. Non-discretionary time comprising work, study,
chores and caring duties (minutes/day)
5. Travel including both active and motorised modes
(minutes/day)
6. Other including informal help to others and hobbies
(minutes/day)
Together, these components accounted for all of the
participant’s daily time (24 h or 1440 min). It should be
noted that the sleep component represented all sleep oc-
curring between 4 am and 4 am. Thus, it did not neces-
sarily describe an overnight sleep duration, and it
incorporated naps undertaken during the day.
We explored patterns of zeros and non-zeros across the
defined composition. For the current analysis we treated
zero values as rounded, for the following reasons: (a) par-
ticipants were required to record activity blocks of at least
10 min, meaning that shorter duration activities could
have been missed, which is particularly relevant for
MVPA; (b) we used only the primary activity to generate
the composition, but some relevant activities could have
been reported as secondary activities; (c) given the nature
of activities included in components (for example “walking
and hiking” in the MVPA component), rounding was the-
oretically possible; and (d) time-use compositions gener-
ated from accelerometry (which sample at epochs of 15 s
Fig. 1 Example time-use diary from the United Kingdom Harmonised European Time Use Survey
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or less) typically have few or no zeros in components [31],
which reinforces the suggestion that the cruder level of ag-
gregation in time-use diaries may result in rounded zeros.
Therefore, we imputed zero values using a log-ratio data
augmentation algorithm, which replaced zeros with small
values of less than 10 min, drawing time from the other
components. As a sensitivity analysis, we imputed all zero
values as one minute.
Covariates
Covariates hypothesised to confound the association be-
tween active travel and time use, which have been used in
previous research examining active travel and health be-
haviours, were selected a priori. Participants reported their
age, sex and work status as part of the individual demo-
graphic questionnaire. The day of the week of the time-
use diary was reported as part of the diary procedure. Age
was used as a continuous variable. We used binary vari-
ables for sex (male vs. female), work status (working or
studying vs. other, including those who answered ‘not ap-
plicable’) and day type (weekday vs. weekend).
Analysis
We used the open source software R (www.r-project.org)
and a number of bespoke packages for the analysis of
compositional data, including Compositions [38], zCom-
positions [32] and robCompositions [39].
We explored potential differences between participants in-
cluded and not included in the analysis, and described the
characteristics of the analysis sample. We then conducted an
initial descriptive analysis of the raw composition, calculating
the arithmetic mean and standard deviation, and the median
and interquartile range, of each component. For the imputed
composition, we then calculated the geometric mean of each
component separately. Finally, we calculated the compos-
itional mean or centre by ‘closing’ the geometric mean of all
components to 1440 min. When using the compositional
mean, components are adjusted so that they add up to the
total. In this case, we used 1440 min or 24 h, a uniform time
budget for all participants (i.e. all had the same amount of
available time). We examined the variability of the compos-
ition using a pair-wise variation matrix, an indicator of dis-
persion coherent with the simplex, which is broadly
equivalent to the standard deviation.
We transformed each participant’s six-component com-
position into five ilr coordinates for use in regression
models. We used the default ilr transformation from the R
package Compositions, and the same ilr partitioning sys-
tem to back-transform the log-ratio coordinates into pro-
portions. The proportions were then adjusted to sum to
1440 for interpretation as minutes per day.
Using the approach described by Martin-Fernández [40],
we used compositional multivariate analysis of variance
(MANOVA) to contrast the mean time-use composition
between individuals reporting some active travel and those
reporting no active travel. The null hypothesis was that
there was no difference in mean time-use composition be-
tween the two groups. A p value < 0.05 was taken as evi-
dence to reject the null hypothesis. Models were run in
steps, with the first model unadjusted, the second adjusted
for age and sex, and the final model adjusted for age, sex,
work status and day type.
The MANOVA indicated whether the compositions dif-
fered overall between groups, but not which individual
components differed. To examine this, it was firstly neces-
sary to estimate adjusted compositional means for each
group (i.e. adjusted for age, sex, work status and day type).
To estimate the adjusted compositional means, linear re-
gression models were created, with the ilr coordinates as
outcome variables and the binary active travel variable as
the exposure, along with the other covariates. We used
each ilr coordinate as a dependent variable in a unique lin-
ear regression model, resulting in five models (one for each
coordinate). Using the R package lsmeans [41], we esti-
mated the adjusted mean ilr coordinate value for each of
the five ilr coordinates. We did this separately for some and
no active travel, resulting in a complete set of five estimated
ilr coordinates for each group. Subsequently, we back-
transformed these ilr sets to predict model-adjusted six-
component compositional means for those reporting some
active travel and those reporting no active travel separately.
From this, we adapted the procedure outlined in
Martin-Fernández [40] to calculate the log-ratio differ-
ence in adjusted compositional means between the two
groups. Log-ratio differences are log-transformed ratios
where the numerator contains the model-adjusted mi-
nutes per day in one component in those reporting some
active travel, and the denominator contains the model-
adjusted minutes per day in the same component in
those reporting no active travel. We then used a boot-
strap technique for comparing two populations to con-
struct a 95% bootstrap confidence interval for each
separate component. If the confidence interval crossed
zero, this indicated that there was no difference between
groups with respect to this component [40].
As a final step, we entered interaction terms into the
original MANOVA models to explore whether the rela-
tionship between active travel and time-use composition
differed by sex, work status, age group or day type. If the
interaction term was significant (p < 0.05), we repeated
the adjusted MANOVA models stratifying by that vari-
able (but removing it as a covariate in the model) in
order to better elucidate the interpretation of the inter-
action. We used the same regression model plus boot-
strap technique to visualise differences in the individual
components in those reporting some active travel and
those reporting no active travel, by the stratification
variable.
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Finally, though the survey used a complex sample design,
we did not apply survey weights to the current analysis.
Results
Analysis population
We started with 16,533 time-use diaries from 8274 partici-
pants. We removed 23 diaries that failed general quality
control checks, and 5005 diaries (4988 reporting less than
24 h and 17 reporting no sleep) that failed quality control
checks specific to our analysis. Following this, we removed
1182 diaries filled out by those aged under 16 years. Fi-
nally, to avoid the issue of clustering by participant, we
randomly selected one diary from each participant, leaving
us with a final analysis dataset consisting of 6143 diaries
from 6143 participants (i.e. one diary from each partici-
pant). Compared to those not included, participants in-
cluded in the analysis were on average older (expected
given the age criterion) and significantly more likely to be
male and currently working or studying. Characteristics of
the analysis sample can be found in Table 1.
Patterns of active travel
Forty percent (n = 2466) of participants reported en-
gaging in active travel on their diary day, and in these in-
dividuals the median time spent in active travel was
50 min (interquartile range 60 min). Active travel mostly
comprised walking, with 39% (n = 2382) of participants
reporting any walking, 2% (n = 147) reporting any cyc-
ling, and 1% (n = 63) reporting both.
Patterns of zeros in the time-use composition
The most common pattern of time-use composition was
individuals who reported some of all components apart
from leisure MVPA (44%; n = 2722). The next most
common pattern (20%; n = 1253) was individuals who
reported some of all components. For leisure MVPA,
there were a large number of zero values, with 69% (n =
4259) of individuals reporting no time in this
component. Because of the quality control procedures,
there were no zero values in the sleep component, and
the zero values in the other components were more
modest – 10% (n = 596) for leisure sedentary screen
time, 0.1% (n = 7) for non-discretionary time, 20% (n =
1254) for travel and 10% (n = 589) for other.
Descriptive analysis of the time-use composition
Descriptive characteristics of the raw composition (in-
cluding zero values) and the imputed composition (in
which small numbers were imputed in place of zero
values) can be found in Table 2. The different indicators
of central tendency provided somewhat different abso-
lute values, particularly between the geometric and com-
positional means for sleep and non-discretionary time.
This is related to the large number of zero values in
some components, and is an artefact of the closing pro-
cedure used to produce the compositional mean. Coher-
ent with the properties of compositional data described
earlier, the relative differences between components are
identical when considering either the set of geometric
means or the compositional mean.
The variability of the imputed composition is de-
scribed in Table 3, which shows variability or propor-
tionality between pairs of components. These can be
understood as indicators of the interchangeability of
components. In general, the lowest values were found
for sleep, indicating low variability of this component,
consistent with the fact that sleep is a biological neces-
sity. By contrast, the highest values were found for leis-
ure MVPA, indicating the ability to be interchanged
with other components.
Compositional MANOVA
In unadjusted, partially adjusted and fully adjusted
models, there was a statistically significant difference in
time-use composition between those reporting some ac-
tive travel and those reporting no active travel (p <
0.001). These findings were unchanged in the sensitivity
analysis.
Differences between groups for individual components
The model-adjusted compositional means, presented
separately for those reporting some active travel and
those reporting no active travel, are displayed in Table 4.
Figure 2 shows the log-ratio difference between groups
for each component in those reporting some active
travel and those reporting no active travel. Values falling
above the dotted line indicate that relative time spent in
this component was higher in those reporting some ac-
tive travel compared to those reporting no active travel.
Correspondingly, values falling below the line indicate
that relative time was lower for that component in those
reporting some active travel. Figure 2 indicated a
Table 1 Characteristics of analysis sample (n = 6143)
Variable Mean (SD) or n (%)
Age (years) 47.9 (18.3)
Sex
male 2905 (47.3)
female 3238 (52.7)
Work status
working or studying 3949 (64.3)
other 2194 (35.7)
Diary day
weekday 3093 (50.4)
weekend 3050 (49.7)
n number, SD standard deviation
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relatively higher amount of time spent in leisure MVPA
and travel, and a lower amount of time spent in leisure
sedentary screen time and sleep, in those engaging in ac-
tive travel. The relative differences between groups were
greatest for the leisure MVPA component. These find-
ings were unchanged in the sensitivity analysis.
Effect modification
A statistically significant interaction was found for age,
work status and weekday, but not for sex. However,
stratified analyses revealed that the overall pattern of
time-use composition was not markedly different from
the whole sample in any sub-group (Additional file 3).
Discussion
Main findings
We found that the structure of a 24-h time budget dif-
fered between individuals reporting some active travel
and those reporting no active travel. Active travel was
associated with relatively greater time spent in leisure
MVPA and travel, and relatively lower time in leisure
sedentary screen time and sleep. Lower screen time is
likely to be favourable from a health perspective, with a
difference of 18 min per day between those reporting
some active travel and those reporting no active travel.
However, interpreting the finding on sleep is more com-
plex. Both short and long sleep durations are associated
with poor health in adults, thus the health impacts of
lower sleep depend on the baseline level. The pattern of
higher leisure MVPA amongst those undertaking active
travel may indicate a tendency for people who are
physically active in one behavioural domain to also be
active in others. The additional 11 min per day of leisure
MVPA reported by those undertaking active travel
equates to approximately one third of the daily recom-
mended amount of physical activity for adults [42], and
was undertaken on top of the MVPA accrued during ac-
tive travel itself (median 50 min per day). Finally, while
statistically significant interactions were found, the over-
all pattern of behaviour was similar amongst population
sub-groups.
Strengths and limitations
The application of compositional data analysis to health
research is a small but rapidly expanding field. To date,
this technique has been used to explore the aetiological
relationship between time-use composition and health in
children [23–27] and adults [22]. To our knowledge, this
is the first study in this field using time-use composition
as an outcome or dependent variable. Others have sug-
gested this is important to aid intervention development.
[43] This is also the first study in adults exploring the
association between active travel and multiple health be-
haviours in tandem.
The strengths of the study include the use of compos-
itional data analysis to account for the co-dependency of
behaviours and the inclusion of a large sample of UK
adults. In addition, we used time-use diaries to define
components at the domain level, providing a finer level
of detail than previous compositions defined in terms of
energy expenditure using device-based measurement.
This allowed us to explore the distribution of particular
Table 2 Descriptive characteristics of the time-use composition (n = 6143)
Component Raw composition Imputed composition
Arithmetic mean (SD) Median (IQR) Geometric mean Compositional mean
Sleep (min/day) 499.4 (115.0) 500 (430–570) 482.6 594.4
Leisure MVPA (min/day) 26.8 (55.3) 0 (0–30) 10.5 13.0
Leisure sedentary screen time (min/day) 189.5 (155.0) 160 (70–270) 117.3 144.5
Non-discretionary time (min/day) 482.2 (204.8) 480 (330–640) 423.6 521.8
Travel (min/day) 79.2 (93.7) 60 (20–110) 43.7 53.9
Other (min/day) 162.9 (153.1) 120 (40–240) 91.3 112.5
IQR interquartile range, min minutes, MVPA moderate to vigorous physical activity, n number, SD standard deviation
Table 3 Variation matrix of the time-use composition
Sleep Leisure MVPA Leisure sedentary screen time Non-discretionary time Travel Other
Sleep 0 1.35 0.79 0.34 1.63 1.40
Leisure MVPA 1.35 0 3.60 1.86 3.63 3.75
Leisure sedentary screen time 0.79 3.60 0 1.52 3.34 2.70
Non-discretionary time 0.34 1.86 1.52 0 1.66 2.12
Travel 1.63 3.63 3.34 1.66 0 2.87
Other 1.40 3.75 2.70 2.12 2.87 0
MVPA moderate to vigorous physical activity
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activities and activity sets, which has been recommended
by others as an important avenue for future research
[25, 44]. In particular, we explored leisure-time physical
activity and sedentary behaviour. Time spent in leisure is
likely to be more flexible than time spent for other pur-
poses, and is thus an important consideration for inter-
vention development as it could be drawn upon to
accommodate behaviour change.
We also acknowledge the study limitations. In using ele-
ments of time use as both exposure and outcome, it might
be expected that differences in outcome between groups
are a consequence of the re-allocation of active travel
time. However, as a proportion of a day active travel time
was small (median 50 min per day) whereas the differ-
ences we found between groups were larger, suggesting
that this is not the only explanation. In addition, this
cross-sectional analysis identified potential displacement
of time between components, but longitudinal studies ex-
ploring individual-level change over time are needed to
confirm this. The self-report of activity has known limita-
tions of recall and social biases; however, it is not currently
possible to reliably elucidate behavioural domains using
objective methods. In our sample, active travel was mostly
comprised of walking, but it could be hypothesised that
cycling might impose different demands on time budgets
(such as showering and changing). Future studies may
wish to look at walking and cycling modes separately. Fi-
nally, because the primary thrust of this study was meth-
odological, we did not use survey weights in this
preliminary analysis, nor did we account for clustering by
household. For the current study, the interpretation is lim-
ited to this sample and may not be generalisable to the
underlying population.
Comparison with previous work
Our analysis is consistent with previous analyses sug-
gesting that active travel was not associated with reduc-
tions in physical activity in other domains [18, 19]. Our
findings are also broadly consistent with a previous
intervention study indicating that increases in active
travel were associated with concurrent reductions in
television watching and sleep [17]. This suggests that
screen time and sleep may function as ‘time reservoirs’
from which time may be drawn and allocated to other
behaviours.
Implications for research
The principal contribution of this study is to add to an
expanding body of work exploring the health case for ac-
tive travel. However, this study also highlights avenues
for further research. Given the limitations of the current
study, this analysis could be replicated across other data-
sets and settings to give a better indication of the gener-
alisability of the findings reported here. In addition, a
small number of compositional data analyses to date
have simulated the health implications of reallocating
fixed durations of time, most commonly 10 min, from
one component to another [22, 23, 25]. However, there
is a lack of empirical data to confirm whether people do
actually reallocate time in the ways and durations
Table 4 Model-adjusteda compositional mean by active travel
status (n = 6143)
Component No active travel Some active travel
Sleep (min/day)b 615.7 577.2
Leisure MVPA (min/day)b 9.5 20.8
Leisure sedentary screen
time (min/day)b
163.1 144.7
Non-discretionary time
(min/day)
497.0 502.6
Travel (min/day)b 42.9 62.2
Other (min/day)b 111.9 132.5
min minutes
aAdjusted for age, sex, work status and day type
bDifference between groups statistically significant for this
component (p < 0.05)
Fig. 2 Relative differences in components between those reporting some active travel and those reporting no active travel
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modelled. This study and future studies exploring the
correlates and determinants of compositions, as well as
changes to compositions over time, can begin to provide
this type of information. Finally, future studies may wish
to model the health implications of a ‘typical’ compos-
ition in individuals undertaking active travel.
In the case of time use, the total of the composition
does not vary between individuals as everyone has the
same amount of time (i.e. 24 h). This means that the im-
portance of relative values is heightened, though the ab-
solute values of components (e.g. MVPA) remain critical
in terms of health outcomes. As such, compositional iso-
temporal analysis is currently being used to explore the
health implications of reallocating absolute amounts of
time from one component to others [23]. For other types
of composition, the total varies between individuals. For
example, diet could be expressed as a composition com-
prised of energy from fat, protein and carbohydrate,
which sum to total energy consumed. Here, both the
relative composition of macronutrients and the absolute
total energy consumed are likely to be important.
Methods are currently being developed to incorporate
both relative and absolute information together within a
compositional data analysis framework [45], and should
be applied in future health research.
Finally, this study has implications for the design of fu-
ture intervention research. Previous studies suggest that
some types of policy, infrastructural or behavioural inter-
ventions can modify travel behaviour [46]. Future inter-
vention research in this area might usefully examine
impacts on time-use composition, in line with calls to
explore the wider ripple effects of public health inter-
ventions on multiple behaviours [47].
Implications for policy and practice
Increasing active travel is a stated objective of trans-
port policy in the UK and other countries, as a means
to improve health, reduce traffic congestion and re-
duce greenhouse gas emissions [48]. This study pro-
vides evidence to support the public health case for
active travel.
This study has further implications for activity guidelines.
In recent years, the broadening of the field to consider health
behaviours other than physical activity, and the application
of compositional data analysis to aetiological research, has
promoted a paradigm shift away from recommending in-
creasing or decreasing specific behaviours. Instead, guidance
is starting to focus on the optimal composition of time. In
Canada, the most recent physical activity guidelines for chil-
dren and young people are based on a ‘healthy 24 h’ includ-
ing a set of specific recommendations for sleep, sedentary
behaviour, light physical activity and MVPA [49]. This brings
with it the need to re-consider population surveillance in
order to track progress against these guidelines.
Conclusions
In conclusion, we found that active travel was associated
with a broadly health-promoting composition of time
across multiple behavioural domains, which supports the
public health case for active travel.
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